Gas turbine off design performance prediction is strictly dependent on the accuracy of compressor and turbine map characteristics. Experimental data regarding component maps are very difficult to find in literature, since it is undisclosed proprietary information of the engine manufacturers. To overcome this limitation, gas turbine engineers use available generic component maps and modify them to reach the maximum adherence with the experimental measures.
INTRODUCTION
The prediction of gas turbine part load performance in zero-dimensional gas path analysis is strictly related to the availability and accuracy of compressor and turbine map characteristics. Engine manufacturers disclose only a limited part of gas turbine component information to their customers, in the form of scattered data derived from experimental tests or by providing an engine-specific performance prediction code, also known as the 'engine deck'.
It is therefore very difficult to gather the missing quantities needed to build an accurate gas turbine simulation model. In addition, even the known quantities can be affected by a significant error: in fact, the same experimental data and engine deck data related to a particular engine may be used by engine manufacturers to provide information for a wide range of engines of the same family, leading to an intrinsic error [1] .
Another source of error in gas turbine simulation is given by the fact that the measured performance of a single component tested alone can be different from the performance of the same component, once installed in the engine. This is principally due to differences caused by engine manufacturing tolerances, assembly and overhaul.
A first way to reduce the abovementioned inaccuracies is to perform experimental tests, in which all the quantities needed to build a reliable gas turbine performance model can be measured. However, experimental tests are costly and sometimes require a high number of sensors to obtain accurate average flow values. Moreover, as the experimental apparatus complexity increases, so does its influence on the flow properties: the measurements thus affect engine performance, resulting in poor accuracy. A reasonable way to deal with this problem is to reduce experimental measurements at a minimum, and deduce the remaining quantities employing adaptable gas turbine models, which is exactly the subject of the present paper.
The research for a simple methodology able to reduce model inaccuracies has been carried out from the beginning of the nineties. The first paper found in literature on the subject is a work by Stamatis et al. [2] , who first introduced the concept of component map modification to reduce the error between model output and measurements. The adaptation was performed inside the engine off design solver, so that the variables controlling the shape of the component maps were added to the usual variables employed to solve the matching problem. This approach was reported to be faster than a possible adaptation procedure performed outside of the engine solver; however, it appeared to be engine specific, since a different adaptation procedure would had to be implemented for different engine configurations. For this reason, Lambiris et al. [3] generalized the procedure using an external adaptation routine, able to perform the adaptation for different types of engines.
Li et al. in 2006 started working upon different types of adaptation techniques in order to increase the accuracy of their model of a General Electric LM2500 engine, an industrial gas turbine used for electric power production. The first paper they published [4] is related to design point adaptation, in which they explain how to obtain unknown design point parameters from measured experimental data. They suggested to use an inverse coefficient matrix (ICM) with a Newton-Raphson algorithm to find the corrections to initial guessed parameter data, in order to minimize model errors. A second paper [5] was published by the same authors, in which they introduced a genetic algorithm (GA) as a new approach to minimize design point model discrepancies. A comparison was made between the adaptation results given by the ICM-based and the GAbased methodologies: the former resulted faster and produced slightly better adaptation results, when convergence was achieved; however, the latter was found to be numerically more sound and reliable, since it converged for every set of initial parameters chosen. In 2009, the same authors began to study multiple-point adaptation, in order to improve the model predictive capabilities at part-load performance. The increased complexity of the task led to the preference for the more robust GA approach. Firstly, in [6] , they studied the possibility to improve off design performance around the design point by introducing a linear scaling. Once the component map is scaled to the design point, a further scaling is applied to the map to account for the experimental data known at some off design points; the constant scaling factors are then obtained by the GA which finds the values minimizing the model errors. An important development of this work is found in [7] , where a nonlinear adaptation procedure is finally introduced: the component maps' scaling factors, instead of being constant, become quadratic functions of the corrected speed. This allows for a significant reduction in model inaccuracy; however, to solve the problem correctly, the research space of the genetic algorithm has to be restricted within proper boundaries, which are adjusted by trial and error. To overcome this last difficulty, an automated procedure to properly select the upper and lower bounds of the GA search range, employing a least-squares approach, is exposed in [1] .
A common feature of the abovementioned multi-point adaptation studies is given by the fact that they employ some particular scaling factor functions which have to be applied to existing component maps. To perform the adaptation process, a particular regression curve for the scaling factor functions has to be assumed; as seen before it can be either a constant, linear or quadratic regression model. On the contrary, no particular model assumptions upon the map curves has been utilized. Component maps are stored in a matrix format and are simply used as look-up tables without the need of any further modelization: the experimental (or engine deck) data are interpolated.
Other researchers dealt with this problem in a different manner: various efforts have been made to create a suitable regression model for component map generation, instead of mere interpolation. In this case a mathematical model for the map curves is assumed and the experimental data, instead of being interpolated, are used to find the coefficient of a prescribed regression model. This different approach in component modeling reflects also on map adaptation procedure. In fact, when possessing a particular regression model accurately simulating compressor and turbine physical behavior, adaptation is no longer a matter of finding the optimal scaling factors: instead, the parameters which have to be set to minimize model errors are the regression model coefficients.
Kong and Ki [8] followed this approach: they used polynomial equations to simulate the efficiency and corrected mass flow as functions of pressure ratio and corrected speed. A GA-based error minimization was then performed to find the model coefficients that best fitted with the experimental results.
Finally, the most recent example of this methodology is given by the work carried out by Tsoutsanis et al. [9] , [10] . With the aim of further improving the prediction qualities of the LM2500 engine model, a new compressor map generation was implemented. The constant corrected speed lines were traced as elliptic functions of pressure ratio and corrected mass flow; a similar model equation was used for the efficiency lines. The parameters controlling the shape of the compressor map were chosen as the variables of the error objective function to be minimized with a GA.
In the present paper a different approach for map adaptation is explored, with two main objectives: 1. high grade of generality for the methodology, which in principle should be able to manage almost any shape resulting from component map data; 2. high automation for the map modification process, in order to minimize the need for human effort and expertise. The first objective imposes some limits on the previously cited approaches. The use of regression models for compressor and turbine characteristics intrinsically leads to an error which is dependent upon the specific map studied. In fact, a particular regression model can be perfectly suited for a specific map; besides, various differences arising between the maps related to centrifugal and axial turbomachines, and even between low pressure and high pressure components, make it difficult to find a general regression model valid for each existing component of the same type. Therefore, in the present analysis no regression models for the turbine and compressor components will be used.
In the previously cited papers, a particular form of scaling factor function had to be chosen before the adaptation procedure took place. It is equivalent to say that it was necessary to define a particular regression model for the scaling factor function. However, when modifying the shape of a particular map without violating the physical principles behind it, the scaling factor function could be quite irregular, with its first derivative changing sign more than once. This means that when high accuracy is needed, the scaling factor function must be more than quadratic, otherwise some physically possible map shape changes will be avoided. It will be shown in the next sections that the best choice is not represented by an increase in the grade of the polynomial regression model, but rather to completely eliminate the need for a regression model.
The accuracy of most of the methods exposed above is strongly dependent on correct knowledge of some design point data. Another aim of the methodology presented here is to rescale component maps using only a set of off design performance data even if the design point of the engine is not known.
The paper is structured as follows: firstly a brief review of off design performance calculation is given. Subsequently the new map adaptation methodology is described in detail; finally, the methodology is tested upon a case study of a turbojet engine, for which very few operating points' data are available.
GAS TURBINE OFF DESIGN PERFORMANCE
Gas turbine off design performance is usually calculated employing different generalized characteristic maps for the various engine components. An example of compressor map can be found in Figure 1 Normally, compressor and turbine map characteristics are obtained from experimental data by measuring the values of pressure ratio and corrected mass flow at constant rotational speed lines; isoentropic efficiency is also measured at the same points. Once tabulated, these values are the data source used to draw compressor map plots. Every operational point on a traditional compressor map is determined by the knowledge of only two variables [11] : this means that the remaining quantities have to be determined by finding a relationship with the former. When choosing the two variables to define the operating point, it is necessary that they are not collinear and are able to produce a unique operating point. This property in general does not hold for any combination of the four variables tabulated in a usual component map, especially for compressors. The most common approach to solve this problem is given by the choice of an auxiliary coordinate [12] . An additional parameter (usually named β), without any specific physical meaning, is introduced, so that the two variables which define completely any operating point become corrected speed and β. To trace the β lines different mathematical functions can be employed (e.g. equispaced parabolas [12] , bivariate linear or more complex functions [13] , etc.); their shape coefficients vary depending on the specific compressor map analysed. All these functions must respect the uniqueness constraint, i.e. each possible operating point on the map must be identified by a unique couple (β,N corr ). One of the most important advantages of using β is the possibility to perform a 2-D interpolation on a rectangular domain, as can be seen from Figure 1 . The nonuniqueness issue usually does not occur when interpolating turbine maps, since the choice of pressure ratio and corrected speed does not imply any ambiguity; however, when only scattered data are available, it is necessary to transform the original interpolation grid in a regular grid by a similar procedure.
To calculate off design performance, component map data are used to solve the non-linear equations resulting from formalization of the matching problem (see also Walsh and Fletcher [14] ). In the matching problem, the values of corrected mass flow and power predicted by the thermodynamic relationships are compared with those obtained through characteristic map interpolation; a numerical solver performs iterations until the difference between these values is less than the requested tolerance (as shown in Figure 2 ). This is the way in which the laws of continuity and energy conservation are implemented for steady state operation. In fact, in the case of a turbojet engine, the following constraints have to be contemporarily satisfied [15] :
Once all the relationships between independent state variables and performance parameters are defined, a system of the type f(x) = 0 is solved, where f is a vector-valued error function (matching constraints) and x is the vector of the variables (matching guesses). The solution is obtained numerically and permits to determine uniquely the operating point of the engine.
MAP ADAPTATION METHODOLOGY
As explained in the introduction the map adaptation methodology searched must be the most general possible. For this reason no regression models are hypothesized and the procedure has to be based mainly on interpolation. Moreover, no assumption on the shape for the scaling factor function is assumed. However, to start the adaptation procedure it is necessary to possess an initial set of matrixes defining the compressor and turbine characteristics. If data related to the specific component is not known, a generic component map, to be found in literature, must be used. The choice of the generic maps has to be made carefully, selecting, among those available, the ones characterized by the most similar behavior to the component to be analyzed, in terms of performance (design mass flow, fuel consumption, thrust, etc.).
Given this, it is decided to perform modifications directly inside the matrixes containing the values of corrected speed, efficiency and pressure ratio. In the compressor map, these values are unique functions of corrected speed and the auxiliary coordinate β, as evident from Figure 1 Each of these three functions in the adaptation procedure are to be multiplied by a different scaling factor function to produce the final adapted map. In the most general case, the scaling factor function which modifies the original map values inside the generic matrix X can be also defined as a function of β and N corr : ) , ( 
which means that the scaling factor function can be seen as the product of two scaling factors, one strictly dependent on β, the other on N corr , neglecting the interdependence of the two variables. This hypothesis is made mainly for two reasons: 1) it restricts the scaling factor research space, thus reducing the computational effort and increasing the algorithm convergence stability; 2) it ensures a higher smoothness for SF X with respect to the general case. From a physical point of view, this assumption means that similarity exists between each corrected speed line modification. This is not the general case, since various types of losses (tip, viscous, compressibility, etc.) depend on the absolute flow velocity and vary with the radial to axial velocity ratio; however, it is still a good approximation for the practical accuracy objectives required, as will be shown later.
For each SF X , g X (β) is a univariate function which can be determined, without using a regression model, as follows. Supposing that the g X (β) function is known, for each β (i) composing the 2-D interpolation domain inside the matrixes, there will be a corresponding value of g X (β (i) ). An approximate function can be built by performing a 1-D interpolation of the values related to each β (i) belonging to the grid. However, the values of g X (β(i)) are still not known: in fact, they will be the independent parameters to be changed in the adaptation process.
The same argument holds also for the h X (N corr ) function, so that the degrees of freedom related to each SF X function (i.e. the number of map independent modifications) will be given by the sum of the row (β) and column (N corr ) elements composing each matrix:
Note that if independent parameters are defined for the entire range of β and N corr there is no need to perform a1-D interpolation since a SF X matrix of the same dimensions of the m corr , η and r matrixes can be built directly by products of the g X and h X functions:
The final adapted map will be the result of the element by element product of the initial X matrix and the SF X matrix.
However, if the known experimental data fall in a particular region of the map, it is worth to consider only the most restricted (β,N corr ) sub-domain containing these data, so that the number of independent parameters controlling the map shape is reduced; the remaining values of β and N corr can be extrapolated. Moreover, since the computational cost of the adaptation procedure depends on the number of the independent parameters to be varied, it is possible to choose subsets of the β and N corr vectors. In this case, 1-D interpolation permits to calculate the values of g X and h X in the intermediate points which are not chosen as independent parameters for the adaptation. A piecewise cubic interpolation is suggested, since it is characterized by an acceptable grade of smoothing and a good shape preserving capability, which minimizes undesired oscillations.
Note that if experimental data related to a large number of operating points are held, when using a particular map, the maximum attainable accuracy is given by using only the earlier defined (β,N corr ) domain. Trying to find more accurate g X and h X does not improve the overall accuracy, since the accuracy limit would be given by the 2-D matrix interpolation.
Once all the independent parameters are chosen for each map variable (m corr , η, r) and for each engine component, an optimization algorithm is used to find the best set of parameters minimizing model errors. At the first iteration the initial values relative to the elements of each SF X matrix are one (no map modification); a simulation of the engine off design solver is run and all the engine quantities of interest are calculated. Next, a comparison between model and experimental values of the measured quantities can be made calculating the model errors. The objective function (OF) to be minimized by the algorithm can thus be defined: (14) In the subsequent iterations, the algorithm performs changes in the independent parameters, leading to OF different values. Once a predefined tolerance is achieved, the algorithm stops and the maps' modification ends.
At this point, the modifications permitted by the described procedure are completely free to violate the physics of the turbomachines involved. To overcome this problem, the introduction of constraints on the entire research space of the map modifications is mandatory. The constraints C are expressed as disequality conditions (C>0 or C<0) upon the map variable functions' (m corr , η, r) first, second and third derivatives.
Starting from the compressor component, the following constraints are employed; for every corrected speed line: 
The constraints are included inside the optimization routine by introducing a penalty function PF to be summed to the earlier defined OF so that the optimization problem becomes:
The PF is calculated as follows: whenever a particular point in the matrixes does not respect the constraints, the absolute value of the constraint function is added to the PF with a chosen weight w:
where C NR are the not respected constraints among all the ones defined previously.
Choosing the appropriate weights permits to obtain at the end of the optimization an almost null PF, so that the final map resulted from the adaptation preserves its physical meaning.
CASE STUDY: TURBOJET ENGINE
In order to test the new map adaptation concept presented in this paper, a study is carried out on a small turbojet engine for UAV military applications designed and developed by Hit09 S.r.l. The engine is built with a one stage centrifugal compressor, a reverse flow annular combustion chamber and a single stage axial turbine. A photo of the engine can be seen in Figure 3 . Research is conducted at the University of Padova with the aim of optimizing the engine performance through redesign of specific components. It is therefore necessary to possess a reliable tool to predict engine performance, at either design point and various off design conditions.
Since engine testing is still in its early stages, very few knowledge of performance data is known, and is referred to experimental data obtained in past experiments not performed inside the University. Only the measurements related to five engine quantities are available, for four different operating points of the engine:
• compressor discharge pressure;
• engine speed;
• mass flow;
The aim of the adaptation procedure is to modify the compressor and turbine maps in the gas turbine model in order to match these values, and derive the remaining engine quantities. After the adaptation, the prediction accuracy of the engine steady state running line will be increased with respect to the initial model. 
Setting the initial turbojet engine model
Some information related to the compressor map characteristics is derived from the results' output by an engine deck. These data are used to derive the m corr , η and r matrixes needed to build the compressor map to be used inside the engine model as initial step for the adaptation process. No data are available on the axial turbine, thus a generic turbine map found in literature is used. Since the design point of the engine is not known with good precision, the turbine map is rescaled with respect to the highest thrust operating condition, where turbine choking is supposed to occur. The compressor and turbine maps used in this preliminary phase can be observed in Figure 4 -5-6. Figure 5 shows the auxiliary coordinate β selected; the mathematical definition of the β lines employed can be found in [13] . Corrected speed and pressure ratio have been normalized to their highest value found in the map matrixes.
Once the implementation of the maps is concluded, these are introduced as input inside TSHAFT, a gas turbine simulation code developed at the University of Padova. Four steady state simulations are run, corresponding to the four operating points at which experimental data are known. The measured fuel mass flow is used in the simulations as an input, and the other quantities (thrust, air mass flow, speed and compressor discharge pressure) are calculated to verify the error between the engine model and the experimental tests. In Table 1 the relative errors output by the engine simulation code are given in percentage. It has to be noted that the discrepancies are quite low and the starting model already returns acceptable results; however, the highest error, related to the air mass flow, is more than 6%, and the aim of the adaptation process is to obtain errors below 2%. 
Map adaptation procedure
Before starting the adaptation process, it is necessary to define the map independent parameters or degrees of freedom (dof). It is evident that the computational cost of the adaptation increases with dof. As suggested in the previous section, since only few points are employed for the adaptation, only the subdomains in which the four operating points are falling are considered. It has to be noted that the operating points on a map usually move during the adaptation process; if they move outside of the map subdomain chosen it would be better to select a larger one, in order to better capture their influence on the map curves.
Another way to decrease the dof (only for the compressor map) is by using a low number of β lines, which means employing a rougher interpolation. To do this the β function must be chosen in an appropriate manner, in order not to increase the interpolation error to an unacceptable level (see [13] for a discussion on the subject). In any case the number of β lines should never be diminished below the number of the experimental m corr values per N corr line; otherwise some experimental information would be lost, with a related accuracy reduction.
Once the dof are defined, it is necessary to choose the optimization algorithm used throughout the adaptation. The algorithm selected for this case study is the Nelder-Mead simplex method [16] . The reason for this choice is mainly given by the fact that it is a direct search method that does not use numerical or analytic gradients. If compared to genetic algorithms it is found to be faster, especially in the case of a high number of parameters. On the contrary, it has the lack that it can stall in the proximity of local minima. However, it has been verified that it is much more robust than gradient-based methods, and if restarted once ore more it is able to find new descent directions without the need of human intervention. Genetic algorithms, instead, need a very good choice for the research space boundaries in order to find high performing individuals, and this is mainly based on the experience of the end user.
Map adaptation results
The adaptation procedure is run and is stopped when it reaches a local minimum of the objective function with the shape constraints described earlier.
The four operating points output by the engine simulator are visible on the new adapted compressor and turbine maps in Figure 7 -8. The differences between the original maps and the adapted maps are exposed in Figure 9 -10-11. The efficiency curves, for both the compressor and turbine maps, play the key role in the adaptation. The corrected mass flow variation appears to be restricted in zones far from the operating points, a sign that the adaptation problem is undetermined and maybe the number of dof should be diminished.
As expected, there are no big changes because the original model was quite accurate. Nevertheless, the most important fact is that at all four points a significant decrease in the model errors is achieved. In fact, having a look at Table 2 , it is possible to see that after the adaptation the highest encountered error is under 0.3%, whereas in the original map it was more than 6%.
However, some work has still to be done to better define the constraints exposed in the previous section: in fact, the small oscillations found in Figure 10 -11 are to be avoided, since they do not have any physical meaning and occur only to achieve a better adherence between experimental and predicted quantities. 
CONCLUSIONS
A new map adaptation procedure has been described in this paper with the aim to achieve better generality and reduce the need for human effort and expertise. This procedure should be suited for a great variety of maps with the only need to define some constraints upon the shape of the curves relative to the different map parameters.
A first test of the adaptation procedure on a simple problem has led to a significant improvement: the maximum model error before adaptation was more than 6%, whereas after the adaptation process was found to be lower than 0.3%.
However, the methodology is still in its early development and has to be refined in its different parts, from the constraints definition to the proper choice of the optimization algorithm.
The adaptation method will be tested in the nearly future upon more complicated configurations of turboshaft, turbojet and turbofan engines, in order assess its robustness and behavior when a larger number of map independent parameters is employed. These test cases will be also helpful in understanding the accuracy improvement attainable with the present procedure, by making a comparison with the already existing map adaptation methodologies. 
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